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The theory of parallel climate 
realizations as a new framework for 
teleconnection analysis
Mátyás Herein1,2, Gábor Drótos1,2, Tímea Haszpra1,2, János Márfy1,2 & Tamás Tél1,2
Teleconnections are striking features of the Earth climate system which appear as statistically 
correlated climate-related patterns between remote geographical regions of the globe. In a changing 
climate, however, the strength of teleconnections might change, and an appropriate characterization 
of these correlations and their change (more appropriate than detrending the time series) is lacking 
in the literature. Here we present a novel approach, based on the theory of snapshot attractors, 
corresponding in our context to studying parallel climate realizations. Imagining an ensemble of parallel 
Earth systems, instead of the single one observed (i.e., the real Earth), the ensemble, after some 
time, characterizes the appropriate probabilities of all options permitted by the climate dynamics, 
reflecting the internal variability of the climate. We claim that the relevant quantities for characterizing 
teleconnections in a changing climate are correlation coefficients taken over the temporally evolving 
ensemble in any time instant. As a particular example, we consider the teleconnections of the North 
Atlantic Oscillation (NAO). In a numerical climate model, we demonstrate that this approach provides 
the only statistically correct characterization, in contrast to commonly used temporal correlations 
evaluated along single detrended time series. The teleconnections of the NAO are found to survive the 
climate change, but their strength might be time-dependent.
Recent results1–5 indicate that the mathematical concept that provides an appropriate framework for the descrip-
tion of the climate’s internal variability is that of snapshot6,7 or pullback attractors1,8,9. These are sets in the 
high-dimensional phase space reached with exponential accuracy after a finite transient time. Most importantly, 
these sets carry a unique probability distribution, reflecting the internal variability, which is an intrinsic charac-
teristic of the climate system. This property follows from the general feature of dissipative systems that they forget 
their initial conditions, hence after the transient time the probability distribution is independent of how the sys-
tem was prepared. In numerical modeling, this probability distribution is faithfully represented by an ensemble 
of simulations. The members differ only in their numerical initial conditions, and their behaviour is characteristic 
for the climate system after the transient time. The difference between the members, i.e., the ensemble spread 
cannot be reduced, since it just represents the internal variability.
We emphasize that this spread does not represent some uncertainty of a climate projection, instead, provides 
to the projection a probabilistic nature which defines correctly the climatological statistics of the physical, e.g. 
atmospheric, quantities. Note that, in contrast to ensemble weather forecasts, the projection time here is long 
enough, on the order of a few decades, for the ensemble members to forget their initial conditions. We note 
that an ensemble approach has become well-known in assessing the impact of internal variability on short-term 
climate-related predictions, up to the time scale of a decade (see e.g. refs 10–14). Such works evaluate ensemble 
means and standard deviations on the scale of the predictability time of the problem in question, i.e., while the 
distribution of the ensemble members do depend on initial conditions. Their spirit is thus similar to that of 
ensemble weather forecasts, and the used ensembles cannot represent snapshot attractors and the corresponding 
probability distributions. The distinctive property of our approach is that it is valid after a convergence to the 
probability distribution on the attractor took place.
Qualitatively, the members of an ensemble representing the snapshot attractor in a climate model can be 
viewed as parallel climate realizations evolving on different Earths subjected to the same set of physical laws, 
boundary conditions and external forcing. In what follows, we shall use the term “parallel climate realizations” 
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for representing the probability distribution on the snapshot attractor, i.e., after the aforementioned transient 
time has passed which turns out to be on the order of a few decades. For more details on snapshot attractors and 
their distributions see section The snapshot approach and refs 7 and 15. Thus our approach relies on a concept 
that is both physically and mathematically well-founded, which leads us define the climate as the union of all the 
members of the ensemble of the parallel climate realizations. We emphasize that this way we define a climate for 
each time instant. Note that these considerations also imply that any statistics is obtained correctly only if it is 
evaluated with respect to the plethora of the parallel climate realizations, and this is why we consider any results 
deviating from those obtained by the snapshot approach inappropriate.
When dealing with climate changes induced by shifting parameters (e.g. increasing CO2 concentration), the 
probability distribution and the ensemble statistics unavoidably change in time7. The viability of the snapshot 
approach is clearly demonstrated15 in the framework of an intermediate-complexity climate model, the Planet 
Simulator (PlaSim)16, by ensuring the ensemble to converge to the snapshot attractor.
Teleconnections are recognized as statistical correlations in climate-related patterns between remote geo-
graphical regions of the globe. These correlations are commonly defined involving so-called indices (e.g. those 
of ENSO [El Niño–Southern Oscillation], PNA [Pacific–North American pattern] and NAO [North Atlantic 
Oscillation]) which are based on observational data, and these teleconnections are intensely studied (see e.g. refs 
17–23) since they may have essential impact on weather patterns24.
Teleconnections are special structures within the internal variability, which naturally calls for the picture of 
the parallel climate realizations. In our paper we show that the statistics of teleconnections can only be char-
acterized properly via this approach. The challenge is that teleconnections are often defined using correlation 
coefficients evaluated with respect to time over certain time windows25–27 without taking into account the effects 
of externally induced trends in the relevant time series which may, however, play an important role28–31. More 
careful definitions apply detrending to the time series23,29,30,32,33. In both of these methodologies correlation coef-
ficients are evaluated over single time series. The problem with using time windows is that they are ambiguous in a 
changing climate as we illustrate in our paper. We claim that, instead, correlation coefficients should be evaluated 
over the ensemble. This can be carried out in any instant of time, which opens the opportunity to study even the 
time evolution of correlation coefficients and hence that of teleconnection patterns (which is an aim appearing 
with increasing emphasis in the literature30,32,34,35). In a broader context, a basic feature of the approach of parallel 
climate realizations is the capability of a clear separation of externally induced trends from internal fluctuations 
(appearing in any individual climate realization). The former are obtained as ensemble averages. As a conse-
quence, a “hockey stick” shaped signal (well known in observed global mean temperature time series) can only be 
considered a sign of a climate change if it also appears in the ensemble average. Furthermore, the statistics of the 
internal fluctuations should also be investigated in the ensemble framework proposed here.
Our results are intended to serve as a proof of concept for the proposed method. Therefore, we do not con-
sider the details (geographic patterns, internal time scales etc.) of the NAO phenomenon, rather we focus on the 
simplest quantifiers of teleconnections: on correlation coefficients. For two chosen climatic variables, their corre-
lation coefficient characterizes how synchronously their anomalies (the difference from the variable’s expectation 
value, divided by its standard deviation — also interpreted as fluctuations) appear from a probabilistic point of 
view. The question is how we can obtain the probabilistically correct correlation coefficients in a changing climate.
Setup
To illustrate our argumentations, we consider NAO25,36,37 within a given climate change scenario in a standard 
Planet Simulator (PlaSim) setup (see section The Planet Simulator and the model scenario). The climate change is 
embedded into a 1500-year long CO2 scenario which contains a doubling of the concentration from 360 ppm over 
a century, starting in year 600, a symmetric decrease, and intervals of constant concentration before, between and 
after these ramps (see the orange graph of Fig. 1 and, for the precise formula, section The Planet Simulator and the 
Figure 1. The NAO signal N of (1) and the corresponding DJF surface mean temperature T of the 
Mediterranean in PlaSim in one of the particular climate realizations (i = 16). The detrended signals ∼τN  and 
τ
T  are also included: detrending has been performed by subtracting a moving average from the original signals, 
where the moving average is calculated over a time window of length τ = 101 yr. The forcing (i.e., the CO2 
concentration) is also plotted as a function of time. The vertical dot-dashed (dashed) lines in grey mark the 
beginning (end) of the CO2 ramps.
www.nature.com/scientificreports/
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model scenario). The ensemble of the parallel climate realizations is represented by an ensemble of 192 members, 
see also section The Planet Simulator and the model scenario.
A preliminary study15 illustrates that the NAO time series strongly differs in any individual climate realization 
from the ensemble average, and reliable climate trends can only be extracted from the latter. Here we evaluate 
correlation coefficients taken over the ensemble, and monitor their time evolution during a climate change. We 
emphasize, however, that this study is not intended to make any accurate projections for the Earth’s NAO phe-
nomenon, rather to illustrate its fundamental variability, and the applicability of the concept of parallel climate 
realizations.
NAO in a changing climate. The North Atlantic Oscillation, that is, the fluctuation of the difference of 
sea-level pressure between the Azores high and the Icelandic low, is a phenomenon which is observed to be in 
connection with climate-related patterns along the northern coasts of the Atlantic Ocean, i.e., in western Europe 
and in eastern North America. The phases of the NAO are described by the North Atlantic Oscillation index that 
has several possible definitions, all having in common that they try to capture these fluctuations in a particular 
season or month. In what follows, we shall consider the winter season as traditionally studied in the literature, 
see e.g. ref. 37.
It is commonly known that in the current Earth climate an above-than-average value of the NAO index typi-
cally implies a higher winter temperature in the Scandinavian region and in the eastern United States, and a lower 
temperature in the Mediterranean and Greenland27,38–40. Analogously, an above-than-average value of the NAO 
index is also related to more than the average precipitation during winters in Scandinavia, and less than the aver-
age precipitation over the Mediterranean.
In order to carry out a NAO teleconnection analysis in the PlaSim model, we define a simple PlaSim NAO 
signal. We pick two locations (grid cells) in PlaSim: one of them covers the Icelandic low ( ), the other the Azores 
high (). Our NAO signal is then simply the difference of the sea-level pressure psl averaged over the winter sea-
son (months December, January and February, denoted as DJF afterwards) between the two grid cells:
A I= − .N t p t p t( ) ( ) ( ) (1)sl sl, ,
(See section The extraction of a NAO signal for further details.) We emphasize that, unlike in the common, 
“canonical” definition of the NAO index25, we do not take here the normalized sea-level pressures (obtained by 
subtracting the long-term mean and dividing by the long-term standard deviation, i.e., by calculating the anomaly 
with respect to the long-term behaviour). We demonstrate in Supplementary Figures S1–4 that thus there is no 
qualitative change when including the normalized sea-level pressures according to ref. 25, and illustrate thus that 
the method of parallel climate realizations can be applied with any definition for the relevant quantities. At the 
same time, defining a “long-term mean” and a “long-term standard deviation” is ambiguous in time series reflect-
ing a changing climate, since the values of the physically relevant statistics are shifting in time7,15. For keeping the 
conceptual basis clear, we prefer not to manipulate the raw quantities p t( )sl ,  and p t( )sl ,  in (1) in the main text.
First we present, in Fig. 1, an example for what an observer could record in our climate change scenario for 
the NAO signal (1) and for the DJF surface mean temperature of the Mediterranean. It is obvious from Fig. 1 that 
trends, appearing as responses to the CO2 forcing, dominate the time evolution of the relevant quantities. In par-
ticular, both the NAO signal and the temperature increase and decrease during the increasing and the decreasing 
CO2 ramp, respectively. It would be erroneous to conclude from this that the common relation, a higher NAO 
signal implying a lower Mediterranean temperature, is broken.
Anyway, the task of the observer is to calculate, from these time series, some correlation coefficient that 
reflects faithfully the probability distribution that underlies the correlated fluctuations of these two quantities.
In Supplementary Discussion I we illustrate that the naive approach without somehow removing the trends 
might lead to dubious results. For the demonstrative purpose of our paper, we choose a simple but acknowl-
edgedly efficient41 detrending scheme, namely, the subtraction of a moving average from the original time series. 
Supplementary Figure S5 illustrates that the correlation coefficients (analyzed in detail in the next section) do 
depend on the window length τ over which the moving average is taken, but this dependence turns out to be weak 
for 11 yr < τ < 101 yr. Therefore, restricting our investigation to one particular value of τ is reasonable in our 
problem. We take τ = 101 yr. In Fig. 1 we also illustrate the detrended version ∼τN  and τT , with τ = 101yr, of the 
original time series, over which we shall evaluate the correlation coefficients.
We note that it is usual to construct anomalies from such time series by subtracting the mean and dividing by 
the standard deviation, thus quantifying the above-than-average or below-than-average nature of the values in 
the time series. We skip, however, this traditional step here, because this is not needed for our argumentations.
The ambiguity of the results based on single realizations. Once the detrended time series have been 
obtained, e.g. those in Fig. 1, one has to choose the time interval [t1, t2], of length Δ t = t2 − t1, over which the 
correlation coefficient should be evaluated.
One option is to calculate the correlation coefficient for a long time interval, encompassing most of the obser-
vation, e.g. [t1, t2] = [575 yr, 1425 yr] in our case. The correlation coefficient corresponding to the detrended time 
series of Fig. 1, calculated over this [t1, t2], proves to be = − .∼τ τr 0 24N T, . This negative value is in harmony with the expectation that the NAO signal and the Mediterranean temperature are anticorrelated. The problem with this 
result is that it is only one single value, in spite of the fact that the climate undergoes considerable changes during 
the observation period, which is accompanied by a time dependence of the underlying probability distribution 
(mostly during the ramps between years 600 and 700, and 1050 and 1150). If this is so, these probability distribu-
tions, characterizing the different kinds of climate, cannot be reflected faithfully by one single (i.e., 
time-independent) value.
www.nature.com/scientificreports/
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A natural idea is to segment the time axis into shorter intervals, and to calculate the correlation coefficient 
for each of them. For the detrended time series of Fig. 1, the correlation coefficients obtained for the subsequent 
intervals [t1, t2] of length Δ t = 101 yr are presented in Table 1. The results indeed exhibit a strong dependence on 
time: during the CO2 plateau of 720 ppm, the correlation turns out to be considerably weaker than during the CO2 
plateau of 360 ppm. It may be surprising that even positive values can be found.
For an overview of the time dependence, we plot in red in Fig. 2 the correlation coefficient of the detrended 
time series of Fig. 1 with a moving window [t1, t2], of length Δ t = 101 yr. For each interval [t1, t2], we plot the cor-
responding correlation coefficient at the midpoint (at time t = (t1 + t2)/2) of the interval. Then, one might think 
of the red solid line of Fig. 2 as the “time evolution” of the correlation coefficient. This “time evolution” contains 
strong trends and two local maxima, characterized by positive correlation values, near the end and the beginning 
of the increasing and the decreasing ramp, respectively. One might obviously think that these maxima are related 
to the climate changes induced by the ramps.
Now we ask the question if these results are reliable, i.e., if they reflect the characteristics of the plethora of the 
parallel climate realizations at all? To give an answer, one approach is to give a confidence interval for each calcu-
lated correlation coefficient, i.e., for each time instant t in Fig. 2. The boundaries of the 95% confidence interval, 
calculated via Fisher’s z-transformation, are marked in Fig. 2 by red dashed lines, and this would justify at least the 
main trends. However, the traditional calculation of the confidence interval assumes that the underlying proba-
bility distribution is the same for all of the samples included in the calculation of the correlation coefficient itself, 
which is, due to the time evolution, not the case here.
To correctly illustrate how unreliable the correlation coefficients of Fig. 2 are, we sample directly the under-
lying probability distribution: we plot results for further realizations of the climate dynamics, too, i.e., for further 
members of the ensemble, marked in Fig. 3a by magenta, green and blue. Note that each of these lines can equally 
be considered as a result calculated from historically registered time series for the sea-level pressure and the tem-
perature in our model climate. Figure 3a exhibits a striking spread among the results. One concludes that a result 
originating from one particular realization is practically useless. For example, even the two maxima seen in Fig. 2 
turn out to be spurious consequences of random fluctuations. In Fig. 3b we consider, additionally to the lines of 
Fig. 3a, their corresponding 95% confidence intervals. At several t values, the confidence intervals are separated, 
see, in particular, the interval between t = 1000 yr and t = 1100 yr with the confidence interval of the blue, the red 
and the green lines. These non-overlapping confidence intervals found for the different realizations would imply 
statistically significant differences between these realizations! This indicates that the method for estimating the 
 t1 [yr] t2 [yr] τ τ∼ rN T, [CO2] [ppm]
 575 675 − 0.59 360… 630
676 776 0.14 633.6… 720
777 877 − 0.06 720
878 978 − 0.22 720
979 1079 0.20 720… 615.6
1080 1180 − 0.22 612… 360
1181 1281 − 0.36 360
1282 1382 − 0.5 360
Table 1.  The correlation coefficient between the detrended NAO signal ∼τN  and the detrended DJF surface 
mean temperature τT  of the Mediterranean of Fig. 1, evaluated over subsequent disjoint time intervals [t1, 
t2] of length Δt = 101 yr.
Figure 2. The “time evolution” (see the main text for details) of the correlation coefficient between the 
detrended NAO signal ∼τN  and the detrended DJF surface mean temperature τT  of the Mediterranean of 
Fig. 1, evaluated over moving time intervals of length Δt = 101 yr. For each time instant t, the lower and the 
upper bound of the 95% confidence interval is given by the red dashed lines. The black circles mark the values of 
Table 1.
www.nature.com/scientificreports/
5Scientific RepoRts | 7:44529 | DOI: 10.1038/srep44529
confidence intervals and hence the correlation coefficients is not representative from the correct point of view, i.e., 
from that of the parallel climate realizations.
One might try to overcome this problem by choosing a more appropriate interval length Δ t for the calcula-
tion of the correlation coefficient. Of course, shortening the interval leads to an even stronger spread among the 
realizations, as illustrated by Fig. 4a,b. The other option, taking a longer interval, has an other undesired effect: 
it washes together different kinds of climates. In Fig. 4c Δ t is longer than the CO2 ramps themselves so that the 
CO2 plateaus of 720 ppm and 360 ppm are already washed together. Nevertheless, the spread among the different 
realizations is still pronounced. Increasing the interval length Δ t even more (not shown), in order to reduce the 
spread, leads eventually to washing together the entire period of observation, as discussed in the second para-
graph of this section. We emphasize now that in principle any nonzero interval length Δ t is inappropriate, since 
the probability distribution underlying the climate dynamics is always changing in time, hence each time instant 
is characterized by its own correlation coefficient which should not be calculated from the time evolution of a 
trajectory over some finite time interval. The faults detailed here apply to all methods, even to the most sophisti-
cated ones, that characterize teleconnections based on an individual realization (should this realization even be 
the observed history of the real Earth system).
The only way out of this situation is, instead of calculating the correlation coefficients over time, to sample 
the underlying probability distribution directly in each time instant, taking the samples from the ensemble of the 
possible realizations permitted by the climate dynamics. For a more detailed analysis of the difference between 
temporal and ensemble averages, i.e., of the breakdown of ergodicity during climate changes, see ref. 42.
New approach: Calculating statistics over the ensemble of parallel climate realizations. The 
concept of parallel climate realizations enables one to define a new, ensemble-based averaging in each time 
instant. This is free of any subjective choice (e.g. of τ and Δ t) in the time-based algorithms: it can be considered 
to be an instantaneous method. What is even more important, it naturally treats all possible realizations of the 
dynamics by incorporating them into the correct statistical description.
We first show that the most appropriate definition of anomalies is provided by the framework of parallel 
climate realizations. To obtain the ensemble-based anomaly A of the NAO signal, we take the average and the 
standard deviation over all the parallel climate realizations, i.e., the members of the ensemble. After this, we cal-
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where …  denotes averaging with respect to the ensemble. This is performed in any “instant of time”. (By an 
instant of time, we mean here the winter season of a year. This is appropriate, because a season is much shorter 
than the characteristic time scale of the climate change.)
Figure 5a shows an example for the time series of the anomaly A, determined in each instant of time by 
subtracting from the NAO signal (1) its instantaneous ensemble average (shown in black as a function of time 
in the same figure) and then dividing by its ensemble standard deviation (shown in magenta in the same fig-
ure). (We note that a convergence of the ensemble to the attractor was checked [see the first 200 years in Fig. 1 
of ref. 15] to take place on the time scale of a century after the initiation at t = 0, thus in the time range shown, 
t > 500 yr, all quantities refer to those on the snapshot attractor; see discussion in the Introduction.) We empha-
size that this kind of anomaly, A, is free from any reference to the past or the future in the form of time averages: 
below-than-average (negative) and above-than-average (positive) values reflect the anomaly with respect to the 
instantaneous climate, which we have defined as the full plethora of the ensemble in a time instant. Furthermore, 
Figure 3. The “time evolution” (see the main text for details) of the correlation coefficient between the 
detrended NAO signal ∼τN  and the detrended DJF surface mean temperature τT  of the Mediterranean, 
evaluated over moving time intervals, in four different climate realizations which are marked by four 
different colours (see the legend). Panel (a) shows the centre of the estimate of the correlation coefficient, while 
panel (b) shows the 95% confidence intervals around the lines of panel (a).
www.nature.com/scientificreports/
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this approach can also be considered as the most appropriate detrending. This is emphasized by Fig. 5b which is a 
blow-up of 5a: no trend is observed in the anomaly after the beginning of the climate change (i.e., for t > 600 yr). 
Instead, within the course of one and a half centuries, fluctuations about zero dominate the time series of the 
anomaly A.
The signature of climate change is in fact not supposed to be easily observable in anomalies evaluated with 
respect to the ensemble average of the instantaneous climate, since it is irrelevant whether this climate is chang-
ing in time or not. On the contrary, climate change is easily recognizable in quantities that are not detrended. In 
particular, climate change should be extracted from ensemble averages. The black line in Fig. 5b illustrates that 
the ensemble average of the original NAO signal (1) traces out clearly the sudden change of the climate (a “hockey 
stick”) within the same 1.5-century interval in which the anomaly is shown (and does not exhibit any trend). The 
fact that the averages are constant before t = 600 yr shows that the attractor becomes time dependent precisely by 
the onset of climate change.
Beyond defining anomalies, the framework of parallel climate realizations also opens the opportunity to 
calculate the correlation coefficients over the ensemble. In fact, these correlation coefficients are obtained, by 
definition, as the ensemble average of the product of the anomalies of the corresponding quantities. (As a con-
sequence, a correlation coefficient between the anomalies is the same as that between the original quantities.) 
The correlation coefficients evaluated with respect to the ensemble in any time instant characterize properly the 
instantaneous strengths of the teleconnections. Qualitatively speaking, these correlation coefficients, taken over 
the ensemble of the parallel climate realizations, provide an objective characterization of the typical strength of 
correlations over all possibilities.
We numerically evaluate the correlation coefficient rN,T and rN,P between the NAO signal (1) and the DJF 
surface mean temperature T and precipitation P for each year of our full scenario. Figure 6 shows the correlation 
coefficients for Scandinavia and for the Mediterranean (as defined in section The extraction of a NAO signal), 
investigated most often in the literature. One sees that the intervals of the CO2 ramps exhibit a kind of transition 
between the plateaus corresponding to constant CO2 concentration. This means that climate changes may yield 
Figure 4. Same as Fig. 3a for different window lengths Δt as indicated in the panels.
www.nature.com/scientificreports/
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either strengthening or weakening in the correlation coefficients. In particular, as the Mediterranean case sug-
gests, the character of the teleconnection might change: while the correlation in one quantity (T) may disappear 
(a conclusion hardly extractable from analysing single time series, see section The ambiguity of the results based 
on single realizations), that in another quantity (P) may remain nearly intact. Note that the linear fits (marked by 
green) for the ramp intervals do not simply connect the values (marked by horizontal lines) corresponding to the 
stationary climates. In particular, the linear fits do not reach the values of the stationary climates by the ends of 
the CO2 ramps. This emphasizes the fact that the climate change itself has a delay compared to the increase or the 
decrease of the CO2 concentration (cf. Section 5 in ref. 15). This also implies that the particular time dependence 
during the CO2 ramps may not be inferred from the stationary climates. A surprisingly pronounced occurrence of 
this phenomenon can be seen in the case of the correlations regarding Greenland, see Supplementary Figure S6.
The amount of the overall difference in the value of the correlation coefficient between its stationary values 
(observable on the plateaus) depends on the geographical location and on whether the T or P correlation with N 
is investigated. In general, the correlation coefficient for the temperature is more sensitive to the climate change 
than the correlation coefficient for the precipitation, which is supported also by the two further geographical 
regions considered in Supplementary Figure S6. While in certain cases we see hardly any difference between the 
values of the plateaus (marked by horizontal line segments in inverted colour), in some other cases the correlation 
coefficient differs by a factor more than 2. This implies that the strength of correlation between climate-related 
patterns of geographically remote (but fixed) locations might change dramatically in a changing climate. In order 
to call the attention to how different these trends are from those of the variables T and P, we display in insets in 
Fig. 6 the ensemble average of these latter quantities.
Now that we have a solid basis on how to calculate correlation coefficients reflecting the full plethora of the 
parallel climate realizations, it is worth revisiting the definition (1) of the NAO signal itself from an ensemble 
point of view, and recalculating the correlation coefficients. This details and the results of this investigation are 
given in Supplementary Discussion II.
Discussion
One important message of our study, a hint on which was given motivated by Fig. 1 and is discussed in detail in 
Supplementary Discussion I, is that any trend related to externally induced climate changes appearing either in 
any undetrended NAO signal or in the mean of any anomaly (this is possible only for anomalies evaluated with 
respect to some time window) should not be interpreted as a shift toward a particular sign (a particular “phase”) 
of the North Atlantic Oscillation and of the corresponding teleconnection pattern, in contrary to what appears in 
some works, e.g. refs 25,43–46. This conclusion already follows from results in the literature concerning correla-
tion coefficients evaluated over single time series in other areas and broader topics29,30,31.
Correlation coefficients characterize the strengths of teleconnections. We have demonstrated that the tradi-
tional evaluation of correlation coefficients over time26,27 depends on the length of the time intervals τ and Δ t 
used for detrending and for the evaluation of the correlation coefficients themselves respectively, but even more 
on the particular realization. An appropriate detrending is only achievable if one can completely separate internal 
variability from the response of the system to the external forcing (e.g. increasing CO2 concentration). This sepa-
ration can be, in fact, carried out7,15 in the snapshot framework, i.e., in the framework of parallel climate realiza-
tions, so that an appropriate detrending, of any single time series, would be achievable. However, the framework 
of parallel climate realizations offers, instead of this, a superior option: it allows also a direct evaluation of correla-
tion coefficients at each particular time instant, by taking all averages over the ensemble. Within this framework, 
above-than-average and below-than average values are naturally defined with respect to the ensemble average. 
Since averaging over the ensemble can be carried out in any instant of time, this framework opens the opportunity 
to study the time evolution of correlation coefficients and, in a wider sense, that of teleconnection patterns.
Figure 5. The ensemble-based anomaly A (2) of the NAO signal as a function of time in a single realization 
(i = 7). Panel (b) is a blow-up of panel (a). The vertical dot-dashed (dashed) lines in grey mark the beginning 
(end) of the CO2 ramps in both panels. For comparison, the ensemble average 〈 N〉 (in black) and the ensemble 
standard deviation σN (in magenta) are also displayed. It is the standard deviation σN which represents the size 
of the characteristic fluctuations about the ensemble average, i.e., the internal variability of the NAO signal. This 
quantity is observed to not change dramatically during the climate change of our model.
www.nature.com/scientificreports/
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Due to the outstanding capability of the framework of parallel climate realizations that it separates exter-
nally induced trends from internal fluctuations, and since this method is mathematically totally supported and is 
devoid of any subjectivity, we do believe that this, i.e., the use of an ensemble after taking care of its convergence 
to a dynamical snapshot attractor, should be incorporated into the analysis of climate projections obtained in any 
large-scale climate model.
Methods
The snapshot approach. The concept of snapshot attractors was introduced in the physics literature to 
handle the dynamics of arbitrarily forced systems6,7. From a mathematical point of view, they are the attractors of 
nonautonomous dissipative dynamical systems and are also called pullback attractors1,8,9. They first appeared in 
a climatic context by the latter name1,4,5,9,47. Qualitatively speaking, a snapshot or pullback attractor appears in a 
system with an arbitrary, non-periodic forcing, and it is a unique object of the phase space, to which an ensemble 
of trajectories converges within a basin of attraction. As a consequence of the dissipative nature of the dynamics, 
the initial condition of the ensemble is “forgotten”: after some time, the evolution of the particular ensemble 
becomes independent of its initial position within a basin of attraction. The attractor characterizes thus the long-
term behaviour of the initially different trajectories, along with the distribution traced out by the ensemble, a 
probability distribution which is well-defined and unique7,15. The snapshot attractor and its distribution may, of 
course, depend on time, and this is uniquely determined by the forcing scenario of the system. We consider the 
results of an ensemble simulation to describe parallel climate realizations after the initial conditions are “forgot-
ten”, i.e., when the ensemble members reflect the dynamics on the snapshot attractor and correspond to different 
possible time evolutions within the same climate scenario (irrespective of the choice for the initialization of the 
ensemble).
The snapshot approach can be contrasted with the traditional one dealing with 30-year or multi-decadal tem-
poral averages along single realizations. In contrast to the latter averages, the snapshot attractor and the corre-
sponding averages, taken over the ensemble, are always related to instantaneous properties. This means that even 
if the climate is changing, the ensemble average is able to give a relevant statistics in any instant of time. On the 
contrary, temporal averages in any nonperiodically forced system always differ from the ensemble average7,15, 
dynamics related to climate changes are thus unavoidably nonergodic42.
The Planet Simulator and the model scenario. In the present study we use mainly the default PlaSim 
setup with the lowest resolution (which is T21, corresponding to a roughly 5.6° × 5.6° grid of Gaussian type). The 
atmosphere is coupled to a non-moving mixed layer ocean48 without any hydrodynamical activity. The atmos-
pheric dynamics is described by the primitive equations, which represent the conservation of momentum and 
Figure 6. The ensemble-based correlation coefficient of the NAO signal N with the DJF surface mean 
temperature T (red, rN,T) and precipitation P (blue, rN,P) as a function of time calculated in each time instant 
t with respect to the ensemble for the geographical locations indicated in the panels. Linear fits to these time 
series for the intervals of the CO2 ramps are displayed in dark green. Temporal averages of the time series for 
periods of stationary values are shown in inverted colour, the error bars correspond to the temporal standard 
deviations on the particular time intervals. The insets present the time evolution of the ensemble average of the 
winter surface mean temperature 〈 T〉 or precipitation 〈 P〉 of the given region. The vertical dot-dashed (dashed) 
lines in grey mark the beginning (end) of the CO2 ramps in all plots.
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mass, the first law of thermodynamics and the hydrostatic approximation. The equations are formulated for 
vorticity, divergence, the logarithm of the surface pressure, and temperature. They are solved via the spectral 
method applied to the sphere49. The unresolved processes are parametrised; parametrizations consist of inter-
active clouds50, of short-51 and of long-52 wave radiation. Boundary layer fluxes of latent and sensible heat, as 
well as vertical and horizontal diffusion, are taken into account. Water vapour transport is treated with special 
care via moist air convection and parameterized large scale precipitation. The annual cycle of insolation is built 
in. Greenhouse gases, namely water vapour, carbon dioxide and ozone, are also parameterized, and their effect 
is included in the calculation of the transmissivities52. The global concentration of CO2 directly influences the 
radiative transfer of the atmosphere. There are no sinks or sources (as there is no absorption of CO2 into water 
and the standard configuration does not treat the biosphere), instead the CO2 concentration can be externally 
controlled even as a time-dependent forcing. A detailed description of the PlaSim model can be found in ref. 53. 
The only exception to the default setup is the mixed layer depth which we choose to be 200 m in order to be closer 
to oceanographic data and to achieve more realistic atmospheric relaxation times than with the standard PlaSim 
setting of 50 m. The model setup is then exactly the same as in ref. 15.
We run PlaSim with the built-in initial temperature profiles and the built-in hydrostatic atmosphere initially at 
rest, but we slightly perturb the initial surface pressure field in 192 different replicas. The difference among these 
pressure fields is a random perturbation of maximum 10 hPa. A 192-member ensemble is created this way, and 
each member’s time evolution is monitored from the time instant t0 = 0 of the initialization over the full observa-
tional period of 1500yr with the CO2 forcing scenario described below. The convergence of the ensemble to the 
attractor is complete by about t = 150 yr (see ref. 15).
The forcing, just like in ref. 15, is due to a CO2 scenario that contains a CO2 doubling, augmented, after 
some time, with a symmetric decrease of the CO2 concentration back to the original level. This reference level 
is 360 ppm, which is first doubled over a ramp of one hundred years at a constant rate, and, after a 350-year pla-
teau, the concentration decreases back to its initial value, linearly, over one hundred years again. Before (after) 
the increasing (decreasing) CO2 ramp, there are plateaus in the CO2 concentration with the reference value, i.e., 
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360 for 0 600 and for 1150 1500,
360 3 6( 600) for 600 700,
720 for 700 1050,
720 3 6( 1050) for 1050 1150 (3)
2
where units are year and ppm for time and concentration, respectively. The length of the CO2 plateaus is chosen 
such that a convergence (lasting about 150 years) to a stationary climate can take place much before the end of 
the plateaus.
The extraction of a NAO signal. We decided to use, in harmony with the traditional definitions for the 
NAO index, fixed grid points for representing the NAO centres of action. We selected them such that they yield 
(as a few other neighbouring gridpoints, too) the usual correlations in the stationary climate with 360 ppm and, 
furthermore, do not fall far from the corresponding pressure extremes. The particular grid indices chosen are the 
following: I: index 60 (i.e., 28°W) in longitude and index 6 (i.e., 58°N) in latitude, : index 60 (i.e., 28°W) in lon-
gitude and index 11 (i.e., 30°N) in latitude. We take the difference in the sea-level pressure of these grid points in 
eq. (1) to obtain our NAO signal.
In our paper we investigate the relation of this NAO signal with surface mean quantities of Scandinavia, of the 
Mediterranean, of Greenland and of eastern North America. In PlaSim, we define these regions by the geograph-
ical longitude λ and the geographical latitude ϕ as λmin < λ <  λmax and ϕmin < ϕ < ϕmax, respectively, where the 
bounding values λmin, λmax, ϕmin and ϕmax are as in Table 2.
References
1. Ghil, M., Chekroun, M. D. & Simonnet, E. Climate dynamics and fluid mechanics: Natural variability and related uncertainties. 
Physica D 237, 2111–2126 (2008).
2. Bódai, T., Károlyi, G. & Tél, T. Fractal snapshot components in chaos induced by strong noise. Phys. Rev. E 83, 046201 (2011).
3. Bódai, T. & Tél, T. Annual variability in a conceptual climate model: Snapshot attractors, hysteresis in extreme events, and climate 
sensitivity. Chaos 22, 023110 (2012).
4. Pierini, S., Ghil, M. & Chekroun, M. D. Exploring the pullback attractors of a low-order quasigeostrophic ocean model: The 
deterministic case. Journal of Climate 29, 4185–4202 (2016).
5. Lucarini, V., Lunkeit, F. & Ragone, F. Predicting climate change using response theory: Global averages and spatial patterns. J. Stat. 
Phys 166, 1037–1064 (2017).
Region λmin λmax ϕmin ϕmax
Scandinavia 0° 35°E 54°N 72°N
Mediterranean 10°E 36°E 30°N 44°N
Greenland 85°W 50°W 54°N 72°N
Eastern North 
America 85°W 70°W 27°N 45°N
Table 2.  The bounding values λmin, λmax, ϕmin and ϕmax for the different geographical regions considered. 
See text for details.
www.nature.com/scientificreports/
1 0Scientific RepoRts | 7:44529 | DOI: 10.1038/srep44529
6. Romeiras, F. J., Grebogi, C. & Ott, E. Multifractal properties of snapshot attractors of random maps. Phys. Rev. A 41, 784 (1990).
7. Drótos, G., Bódai, T. & Tél, T. Probabilistic concepts in a changing climate: A snapshot attractor picture. Journal of Climate 28, 
3275–3288 (2015).
8. Arnold, L. Random Dynamical Systems (Springer-Verlag, Berlin, Germany, 1998).
9. Chekroun, M. D., Simonnet, E. & Ghil, M. Stochastic climate dynamics: Random attractors and time-dependent invariant measures. 
Physica D 240, 1685–1700 (2011).
10. Kang, I.-S. & Shukla, J. Dynamic seasonal prediction and predictability of the monsoon. In B., W. (ed.) The Asian Monsoon, 585–612 
(Springer-Praxis: Berlin, Heidelberg, Germany, 2006).
11. Eade, R. et al. Do seasonal-to-decadal climate predictions underestimate the predictability of the real world? Geophys. Res. Lett. 41, 
5620–5628 (2014).
12. Ehsan, M. A., Kang, I.-S., Almazroui, M., Abid, M. A. & Kucharski, F. A quantitative assessment of changes in seasonal potential 
predictability for the twentieth century. Clim. Dyn. 41, 2697–2709 (2013).
13. DelSole, T., Jia, L. & Tippett, M. Decadal predictions of observed and simulated sea surface temperatures. Geophys. Res. Lett. 40, 
2773–2778 (2013).
14. Stocker, T. F. et al. (eds.) Climate Change 2013: The Physical Science Basis. Contribution of Working Group I to the Fifth Assessment 
Report of the Intergovernmental Panel on Climate Change (Cambridge University Press, Cambridge, United Kingdom and New York, 
NY, USA, 2013).
15. Herein, M., Márfy, J., Drótos, G. & Tél, T. Probabilistic concepts in intermediate-complexity climate models: A snapshot attractor 
picture. J. Climate 29, 259–272 (2016).
16. Fraedrich, K., Jansen, H., Kirk, E., Luksch, U. & Lunkeit, F. The Planet Simulator: Towards a user friendly model. Meteorol. Z. 14, 
299–304 (2005).
17. Ulbrich, U. & Christoph, M. A shift of the NAO and increasing storm track activity over Europe due to anthropogenic greenhouse 
gas forcing. Clim. Dyn. 15, 551–559 (1999).
18. Tsonis, A. A., Swanson, K. L. & Wang, G. On the role of atmospheric teleconnections in climate. J. Climate 21, 2990–3001 (2008).
19. Palus, M., Hartman, D., Hlinka, J. & Vejmelka, M. Discerning connectivity from dynamics in climate networks. Nonlin. Processes 
Geophys. 18, 751–763 (2011).
20. Linderholm, H. W. et al. Exploring teleconnections between the summer NAO (SNAO) and climate in East Asia over the last four 
centuries — A tree-ring perspective. Dendrochronologia 31, 297–310 (2013).
21. Runge, J., Petoukhov, V. & Kurths, J. Quantifying the strength and delay of climatic interactions: The ambiguities of cross correlation 
and a novel measure based on graphical models. J. Climate 27, 720–739 (2014).
22. Mukhin, D., Gavrilov, A., Feigin, A., Loskutov, E. & Kurths, J. Principal nonlinear dynamical modes of climate variability. Sci. Rep. 
5, 15510 (2015).
23. Roy, I., Tedeschi, R. G. & Collins, M. Enso teleconnections to the indian summer monsoon in observations and models. International 
Journal of Climatology, http://dx.doi.org/10.1002/joc.4811(2016) .
24. Bridgman, H. A. & Oliver, J. E. The Global Climate System: Patterns, Processes, and Teleconnections (Cambridge University Press, 
Cambridge, UK, 2006).
25. Hurrell, J. W. Decadal trends in the North Atlantic Oscillation: Regional temperatures and precipitation. Science 269, 676–679 
(1995).
26. Wallace, J. M. North Atlantic Oscillation/annular mode: Two paradigms-one phenomenon. Quarterly Journal of the Royal 
Meteorological Society 126, 791–805 (2000).
27. Visbeck, M. H., Hurrell, J. W., Polvani, L. & Cullen, H. M. The North Atlantic Oscillation: Past, present, and future. PNAS 98, 
12876–12877 (2001).
28. Ashok, K., Behera, S. K., Rao, S. A., Weng, H. & Yamagata, T. El Niño Modoki and its possible teleconnection. Journal of Geophysical 
Research: Oceans 112, C11007 (2007).
29. Hlinka, J., Hartman, D., Vejmelka, M., Novotna, D. & Palus, M. Non-linear dependence and teleconnections in climate data: sources, 
relevance, nonstationarity. Clim. Dyn. 42, 1873–1886 (2014).
30. Hlinka, J. et al. Regional and inter-regional effects in evolving climate networks. Nonlin. Processes Geophys. 21, 451–462 (2014).
31. Roy, I. & Collins, M. On identifying the role of Sun and the El Niño Southern Oscillation on Indian Summer Monsoon Rainfall. 
Atmos. Sci. Let. 16, 162–169 (2015).
32. Ashok, K., Guan, Z. & Yamagata, T. Impact of the Indian Ocean Dipole on the relationship between the Indian Monsoon Rainfall 
and ENSO. Geophysical Research Letters 28, 4499–4502 (2001).
33. Roy, I. & Tedeschi, R. G. Influence of enso on regional indian summer monsoon precipitation—local atmospheric influences or 
remote influence from pacific. Atmosphere 7, 25 (2016).
34. Radebach, A., Donner, R. V., Runge, J., Donges, J. F. & Kurths, J. Disentangling different types of El Niño episodes by evolving 
climate network analysis. Phys. Rev. E 88, 052807 (2013).
35. Tupikina, L. et al. Characterizing the evolution of climate networks. Nonlin. Processes Geophys. 21, 705–711 (2014).
36. Wanner, H. et al. North Atlantic Oscillation — Concepts and studies. Surveys in Geophysics 22, 321–382 (2001).
37. Hurrell, J. W., Kushnir, Y., Ottersen, G. & Visbeck, M. The North Atlantic Oscillation: Climate Significance and Environmental Impact 
(American Geophysical Union, Washington, DC, 2003).
38. Walker, G. T. & Bliss, E. W. World weather. V. Mem. Roy. Meteor. Soc. 4, 53–84 (1932).
39. van Loon, H. & Rogers, J. C. The seesaw in winter temperatures between Greenland and northern Europe. Part I: General 
description. Monthly Weather Review 106, 296–310 (1978).
40. Rogers, J. C. & van Loon, H. The seesaw in winter temperatures between Greenland and northern Europe. Part II: Some oceanic and 
atmospheric effects in middle and high latitudes. Monthly Weather Review 107, 509–519 (1979).
41. Kaimal, J. C. & Finnigan, J. J. Atmospheric Boundary Layer Flows: Their Structure and Measurement (Oxford University Press, 
Oxford, UK, 1994).
42. Drótos, G., Bódai, T. & Tél, T. Quantifying nonergodicity in nonautonomous dissipative dynamical systems: An application to 
climate change. Phys. Rev. E 94(2), 022214 (2016).
43. Geng, Q. & Sugi, M. Variability of the North Atlantic cyclone activity in winter analyzed from NCEP-NCAR reanalysis data. Journal 
of Climate 14, 3863–3873 (2001).
44. McCabe, G. J., Clark, M. P. & Serreze, M. C. Trends in Northern Hemisphere surface cyclone frequency and intensity. Journal of 
Climate 14, 2763–2768 (2001).
45. Gulev, S. K., Zolina, O. & Grigoriev, S. Extratropical cyclone variability in the Northern Hemisphere winter from the NCEP/NCAR 
reanalysis data. Climate Dynamics 17, 795–809 (2001).
46. Burningham, H. & French, J. Is the NAO winter index a reliable proxy for wind climate and storminess in northwest Europe? 
International Journal of Climatology 33, 2036–2049 (2013).
47. Pierini, S. Ensemble simulations and pullback attractors of a periodically forced double-gyre system. Journal of Physical 
Oceanography 44, 3245–3254 (2014).
48. Stephens, M. Y., Oglesby, R. J. & Maxey, M. A one-dimensional mixed layer ocean model for use in three-dimensional climate 
simulations: Control simulation compared to observations. J. Climate 18, 2199–2221 (2005).
49. Orszag, S. A. Transform method for calculation of vector coupled sums. J. Atmos. Sci. 27, 890–895 (1970).
www.nature.com/scientificreports/
1 1Scientific RepoRts | 7:44529 | DOI: 10.1038/srep44529
50. Stephens, G. L., Ackerman, S. & Smith, E. A. A shortwave parameterization revised to improve cloud absorption. J. Atmos. Sci. 41, 
687–690 (1984).
51. Lacis, A. A. & Hansen, J. E. A parameterization for the absorption of solar radiation in the Earth’s atmosphere. J. Atmos. Sci. 31, 
118–133 (1974).
52. Sasamori, T. The radiative cooling calculation for application to general circulation experiments. J. Appl. Meteor. 7, 721–729 (1968).
53. Lunkeit, F. et al. Planet Simulator Reference Manual Version 16 (Meteorological Institute, University of Hamburg, 2011).
Acknowledgements
We benefited from useful comments by T. Bódai, F. Lunkeit, A. Várai, M. Vincze, and T. Weidinger. T. T. is grateful 
for support from the Alexander von Humboldt Foundation. This work was also supported by the Hungarian 
Science Foundation under Grants NK100296 and OTKA PD-121305, as well as by the János Bolyai Research 
Scholarship of the Hungarian Academy of Sciences.
Author Contributions
All authors took part in the design of the study and in the interpretation of the results, and contributed to 
editing the manuscript. M.H. carried out the numerical simulations in PlaSim. G.D. and T.H. took major part in 
processing the data.
Additional Information
Supplementary information accompanies this paper at http://www.nature.com/srep
Competing Interests: The authors declare no competing financial interests.
How to cite this article: Herein, M. et al. The theory of parallel climate realizations as a new framework for 
teleconnection analysis. Sci. Rep. 7, 44529; doi: 10.1038/srep44529 (2017).
Publisher's note: Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.
This work is licensed under a Creative Commons Attribution 4.0 International License. The images 
or other third party material in this article are included in the article’s Creative Commons license, 
unless indicated otherwise in the credit line; if the material is not included under the Creative Commons license, 
users will need to obtain permission from the license holder to reproduce the material. To view a copy of this 
license, visit http://creativecommons.org/licenses/by/4.0/
 
© The Author(s) 2017
